The right inferior frontal cortex (rIFC) and the right anterior insula (rAI) have been implicated consistently in inhibitory control, but their differential roles are poorly understood. Here we use multiple quantitative techniques to dissociate the functional organization and roles of the rAI and rIFC. We first conducted a meta-analysis of 70 published inhibitory control studies to generate a commonly activated right fronto-opercular cortex volume of interest (VOI). We then segmented this VOI using two types of features: (1) intrinsic brain activity; and (2) stop-signal task-evoked hemodynamic response profiles. In both cases, segmentation algorithms identified two stable and distinct clusters encompassing the rAI and rIFC. The rAI and rIFC clusters exhibited several distinct functional characteristics. First, the rAI showed stronger intrinsic and task-evoked functional connectivity with the anterior cingulate cortex, whereas the rIFC had stronger intrinsic and task-evoked functional connectivity with dorsomedial prefrontal and lateral fronto-parietal cortices. Second, the rAI showed greater activation than the rIFC during Unsuccessful, but not Successful, Stop trials, and multivoxel response profiles in the rAI, but not the rIFC, accurately differentiated between Successful and Unsuccessful Stop trials. Third, activation in the rIFC, but not rAI, predicted individual differences in inhibitory control abilities. Crucially, these findings were replicated in two independent cohorts of human participants. Together, our findings provide novel quantitative evidence for the dissociable roles of the rAI and rIFC in inhibitory control. We suggest that the rAI is particularly important for detecting behaviorally salient events, whereas the rIFC is more involved in implementing inhibitory control.
Introduction
Inhibitory control, defined as the ability to withhold or override an automatic, habitual, or prepotent process, is critical for many adaptive behaviors . More than a decade of neuroimaging research has ascribed an important role in inhibitory control to the right inferior frontal cortex (rIFC; Levy and Wagner, 2011; Swick et al., 2011) . In contrast, little is known about the role of the right anterior insula (rAI), a region adjacent to the rIFC that is almost ubiquitously coactivated with the rIFC during inhibitory control. This is particularly surprising because, within the right fronto-opercular cortex, encompassing both rAI and rIFC, peak activation has often been detected in the rAI rather than the rIFC in many studies (Aron and Poldrack, 2006; Chikazoe et al., 2009; Boehler et al., 2010; Cai et al., 2014) . Knowledge of the functional organization of the fronto-opercular cortex and the dissociable roles of the rAI and rIFC is a crucial next step for understanding the neurobiology of inhibitory control.
Disentangling the functional subdivisions of the frontoopercular cortex and their interconnected circuits is a challenging problem because these regions are often coactivated during a wide range of cognitive tasks. We address this problem using two complementary quantitative approaches. First, we use interregional variability in intrinsic brain activity to parcellate the fronto-opercular cortex and examine the unique functional cir-cuits associated with each subdivision (Cohen et al., 2008; Deen et al., 2011) . Second, we leverage variability in the temporal profile of task-evoked response during stop-signal tasks (SST) to parcellate the functional subdivisions of the fronto-opercular cortex, taking advantage of recent findings that such variability can provide informative multivoxel features for demarcating functional clusters within coactivated brain regions (Gonzalez-Castillo et al., 2012; Orban et al., 2014) .
Here we deploy multiple quantitative approaches to disentangle the functional organization of the fronto-opercular cortex and dissociate the functional roles of the rAI and rIFC in inhibitory control. Our approach involved the following steps. First, we conducted a meta-analysis of extant literature to identify frontoopercular regions that are consistently activated in inhibitory control tasks. Second, we applied a novel consensus-based clustering algorithm (Fred and Jain, 2005; Bellec et al., 2010 ) (S. Ryali, T. Chen, A. Padmanabhan, W. Cai, and V. Menon, unpublished observations under the title "Development and validation of consensus clustering-based framework for brain segmentation using regional resting fMRI") to identify functional subdivisions within the fronto-opercular cortex using intrinsic brain activity during resting-state fMRI. Third, we examined the convergence of these clusters with those parcellated using spatial patterns of taskevoked hemodynamic responses in two independent SST datasets (Xue et al., 2008; Zhang and Li, 2012) . In each case, the clustering procedures produced two highly stable subdivisions, encompassing the rAI and rIFC, respectively. Fourth, we examined the intrinsic and SST-evoked functional connectivity of the rAI and rIFC. Fifth, we examined hemodynamic response characteristics of the task-evoked activation and their relation to inhibitory control in each subdivision. We demonstrate that the rAI and rIFC have different task-evoked response patterns, intrinsic and task-evoked functional connectivity and relation to behavior, and highlight new findings related to their distinct circuits and functions in inhibitory control.
Materials and Methods

Ethics statement
All datasets used in the current study were approved by their local institutional review boards.
Overview of data analysis strategy and datasets
Figures 1-3 summarize the analysis strategy and datasets used in our study. First, a meta-analysis was conducted to generate a volume of interest (VOI) reflecting the right fronto-opercular regions commonly activated during inhibitory control (Fig. 1) . The studies included in the meta-analysis were collected from the BrainMap database (www. brainmap.org) and Pubmed (www.ncbi.nlm. nih.gov/pubmed). Second, this VOI was segmented using features derived from two different types of data. For resting-state fMRI, two different features were used in parcellation separately: (1) voxelwise time series within the VOI; and (2) intrinsic functional connectivity (Fig. 2) . For task fMRI, regional profiles of task-evoked hemodynamic response elicited during an SST were used as features for parcellation (Fig. 3) . In both cases, our parcellation algorithm produced two stable and distinct clusters encompassing the rAI and rIFC. Third, we examined distinct functional characteristics of the rAI and rIFC clusters, including the following: (1) their intrinsic and task-evoked functional connectivity; (2) task-evoked activation patterns during Go and Successful and Unsuccessful Stop trials; (3) their performance in identifying Stop trial outcomes as multivariate classifiers; and (4) brain-behavior relationships (Figs. 2, 3) . Three datasets were used in this study: (1) resting-state fMRI data acquired at Stanford University; (2) an event-related task fMRI dataset acquired from the open-source OpenfM-RI.org database; and (3) a second event-related task fMRI dataset acquired at Yale University. Details are described below.
Meta-analysis of published studies involving inhibitory control
To identify right fronto-opercular regions that are consistently involved in inhibitory control, we first conducted an activation likelihood estimation (ALE) (Eickhoff et al., 2009 (Eickhoff et al., , 2012 of the relevant published literature (Table 1) . Studies included in the meta-analysis were required to meet the following criteria: (1) study included healthy adults (aged Ն18years) and activations were reported for healthy adults, distinct from developmental or clinical groups if any; (2) study used the SST or the go/no-go task (GNGT); (3) subjects made responses by hand; (4) study included activation contrast analysis that directly probed inhibitory control; (5) study reported activations using whole-brain analysis; and (6) the activations were reported in either Montreal Neurological Institute (MNI) or Talairach space.
GNGT studies were identified using Sleuth 2.2 (http://www.brainmap. org/sleuth/) and the BrainMap database (www.brainmap.org). The search key indices included the following: "Experiments ¡ Imaging Modality ¡ is ¡ fMRI," "Subjects ¡ Diagnosis ¡ is ¡ Normal," "Experiments ¡ Paradigm Class ¡ is ¡ Go/No-Go," and "Experiments ¡ Behavioral Domain ¡ is ¡ Action ¡ Inhibition." By early March 2014, Sleuth returned 81 studies matching the search criteria. These studies were then screened using inclusion criteria noted above, and 36 GNGT studies were included in the meta-analysis. Because SST studies were not labeled as such in BrainMap, we used PubMed (w w w . n c b i . n l m . n i h . g o v / p u b m e d /) and identified 158 manuscripts (as of March 2014) using the key words "fMRI AND Stop-signal." Using the inclusion criteria noted above, 34 SST studies were selected for inclusion in the meta-analysis.
Meta-analysis of the 36 GNGT and 34 SST studies was conducted using GingerALE (http://www.brainmap.org/ale/). First, we selected all the contrasts that could probe inhibitory control in each study entered in the meta-analysis (Table 1) . Activation coordinates from all selected contrasts were converted into MNI space. Each coordinate was modeled by a 3D Gaussian distribution, and the ALE value for each voxel in the brain was calculated. Next, a permutation procedure was applied to create a null distribution of the ALE value at each voxel from which the p value of ALE at each voxel was computed. Last, an activation threshold was applied to generate an output map [p Ͻ 0.05, false discovery rate (FDR) corrected].
To obtain the final activation VOI of the right frontal opercular regions, a logical "AND" operation was applied to the ALE output map and the combined anatomical templates from the Harvard-Ox- ford 25% Probabilistic Cortical Atlas, including the right insula cortex, right frontooperculum cortex, right inferior frontal gyrus (IFG), pars opercularis, and pars triangularis (http://www.cma.mgh.harvard.edu/).
fMRI data acquisition
We used three fMRI datasets in this study: two involved participants performing inhibitory control tasks in the scanner and the third involved resting-state fMRI. All participants were normal healthy adults.
Inhibitory control tasks. Two previously published open-source SST datasets were used in this study. The SST dataset 1 (SST1; Xue et al., 2008) was obtained from a public fMRI database, OpenfMRI (http://openfmri.org, Texas Advanced Computing Center, University of Texas at Austin). The SST dataset 2 (SST2; Zhang and Li, 2012) was acquired at Yale University. To control the effect of outlier behavior, we screened subjects' performance: response accuracy in Go and Stop trials in SST1 and SST2. An outlier is defined as a data point whose value is Ͼ1.5 times the interquartile range (IQR) above the third quartile or Ͻ1.5 times IQR below the first quartile. Among 21 subjects in the SST1, one subject was excluded because of behavioral outliers and two subjects were excluded for violating head-movement criteria (see below). Among 59 subjects in the SST2, seven subjects were excluded because of behavioral outliers. In the final analysis, 18 subjects (6 males, 12 females) were included in the SST1, and 52 subjects (26 males, 26 females) were included in the SST2. Both studies used fast-jittered event-related task design, and TR of 2000 ms in fMRI data acquisition. Details of task design and data acquisition for the SST1 and SST2 can be found in the original publications (Xue et al., 2008; Zhang and Li, 2012 ). Here we summarize key aspects of the experimental design.
In SST1 (Xue et al., 2008), subjects (aged 18 -39 years) made buttonpress responses to a letter "T" or "D" (Go signal). In 25% of trials, the letter was followed by a beep (Stop signal) and subjects attempted to stop their responses. The stop-signal delay (SSD) in the practice session was determined using a stepwise procedure. Eight SSDs were generated based on the average SSD in the practice session Ϯ 60/20 ms and used in the fMRI session.
In SST2 (Zhang and Li, 2012) , subjects (aged 22-42 years) made button-press responses to a circle (Go signal), which was occasionally (ϳ25% of trials) followed by an "X" (Stop signal). If the Stop signal was Resting-state MRI data were acquired from 21 participants (aged 19 -22 years) from Stanford University and neighboring community colleges. Participants were instructed to keep their eyes closed and not move for the duration of the 8 min scan. Before scanning, the experimenter emphasized the importance of staying awake while keeping eyes closed. Participants were monitored during scanning and after scanning, they were asked whether they fell asleep during the scan. All participants confirmed having stayed awake. Functional images were acquired on a 3 T GE Signa scanner (GE Healthcare) using a custom-built head coil. Head movement was minimized during scanning by a comfortable custom-built restraint. A total of 29 axial slices (4.0 mm thickness, 0.5 mm skip) parallel to the anterior commissure-posterior commissure line and covering the whole brain were imaged with a temporal resolution of 2 s using a T2*-weighted gradient echo spiral in-out pulse sequence (Glover and Law, 2001) , with the following parameters: TR, 2000 ms; TE, 30 ms; flip angle, 80 o ; FOV, 20 cm; matrix, 64 ϫ 64; and interleaved. To reduce blurring and signal loss arising from field inhomogeneities, an automated high-order shimming method based on spiral acquisitions was used before fMRI acquisition.
Preprocessing of fMRI data
fMRI data were processed using SPM8 (http://www.fil.ion.ucl.ac. uk/spm/software/spm8). Similar preprocessing steps were applied to both task and resting-state fMRI data. The preprocessing includes realignment, slice-timing correction, normalization to the MNI space, and smoothing performed using a 5 mm full-width half-maximum Gaussian kernel to decrease spatial noise. Subjects whose maximum displacement in any run is Ͼ1 voxel were excluded from data analysis. The time series at each voxel from resting-state fMRI data were filtered using a bandpass filter (0.008 Hz Ͻ f Ͻ 0.1 Hz). Linear trend, temporal, and global mean were regressed out of each voxel time series.
Task fMRI general linear model and task-evoked hemodynamic response
A general linear model (GLM) analysis was conducted in SST1 and SST2. Six motion parameters were entered as covariates of no interest. To capture regional variation in hemodynamic response shape, we modeled task-evoked hemodynamic response at each voxel using the canonical hemodynamic response function (HRF), as well as its temporal and dispersion derivatives (Friston et al., 1998) for the four tasks of interest, i.e., Go, Go error, and Successful and Unsuccessful Stop trials. We then estimated the three ␤ values corresponding to the basis functions (␤1, canonical HRF; ␤2, temporal derivative; ␤3, dispersion derivative) for each task. Finally, task-evoked hemodynamic response profiles were derived for each voxel in the VOI for each subject, for each trial type using the three estimated ␤ values combined with the corresponding basis functions. To combine the three estimated ␤ values to characterize the hemodynamic response, we used the three hemodynamic basis functions implemented in SPM (␤1, canonical HRF; ␤2, temporal derivative; ␤3, dispersion derivative), multiplied each basis function with its corresponding (estimated) ␤ weight, and then summed them.
Functional parcellation of fronto-opercular cortex using restingstate fMRI
We used a novel consensus clustering evidence accumulation (CC-EAC) method to find stable and robust clusters in a given brain region using intrinsic brain activity as features. Conventional clustering methods, such as K-means and spectral clustering, are sensitive to (1) their initial- ization, (2) the choice of the method-specific parameters, and (3) the number of clusters sought from the method. CC-EAC identifies the stable and optimal number of clusters that are robust to these parameters. Let Y s ϭ ͕y i s } iϭ1 M be the features of voxels with the ROI, where M is the number of voxels in the ROI, and y i s is the feature vector. For resting-state fMRI, we used two types of features in parcellation separately to examine stability and similarity of parcellation, including (1) voxelwise time series within the VOI (termed here as VOI time series) and (2) intrinsic functional connectivity between each voxel in the VOI and each voxel in the brain but outside the VOI (Fig. 2) . y i s consists of T observations at each voxel in the mask for a given subject s, and S is the total number of subjects. In step 1, we generated 100 different partitions of data Y s from each subject for each k ranging from 2 to 10 using different initializations of K-means. In step 2, we computed a coassociation matrix C, for each k and S that finds similarities between these 100 different partitions. The coassociation matrix C is a M ϫ M matrix with (i, j)-th entry defined as follows:
where, n ij is the number of times the pair of voxels i and j are clustered together in N ϭ 100 partitions of the data for a given k and S. An entry in C(i, j) close to 1 indicates that these pairs of voxels are clustered together consistently across the N partitions, and the opposite is true when C(i, j) is close to 0. In step 3, we applied hierarchical clustering with average linkage using C as the similarity matrix for each k and S. In step 4, we computed two cluster similarity metrics-probability rand index (PRI) (Carpineto and Romano, 2012) and modified silhouette (Bellec et al., 2010) -to quantify the similarity of the clusters across all the subjects S for a given k. We chose the optimal number of clusters (k*) for which the cluster similarity measure is the maximum. In step 5, we computed the group-level average coassociation matrix by averaging the coassociation matrices, corresponding to k ϭ k*, across all the S subjects. We then obtained the k* stable clusters at the group level by applying the hierarchical clustering method with average linkage using this coassociation as on the similarity matrix. We then computed the stability of each voxel belonging to a cluster using the method suggested previously (Bellec et al., 2010) .
Functional parcellation of fronto-opercular cortex using taskevoked fMRI response profiles
To conduct parcellation on task fMRI, task-evoked hemodynamic response profiles during Successful Stop trials were used as features in the analysis (Fig. 3 ). All other procedures were similar to those used for parcellation in resting-state fMRI.
Stability-thresholded clusters within fronto-opercular clusters
The rAI and rIFC clusters obtained from parcellation have different sizes. To facilitate comparisons between them, the rAI and rIFC clusters were thresholded based on the stability maps. As mentioned in the previous section, CC-EAC computes stability maps for each cluster that quantifies the stability of the voxel being assigned to a cluster. A thresholded cluster was then obtained by only including the top 10, 20, 30, or 40% stable voxels in the VOI for being in that cluster. Because the 40% stability-thresholded clusters had the highest similarity among parcellation based on different features and datasets, we used this threshold to investigate the functional characteristics of each cluster. For task fMRI analyses, the clusters were thresholded based on stability maps obtained from parcellation in the corresponding task fMRI datasets. For resting-state fMRI analysis, the clusters were thresholded based on stability maps obtained from parcellation using intrinsic functional connectivity in the resting-state fMRI dataset.
Intrinsic functional connectivity of fronto-opercular clusters
To investigate the functional circuits associated with individual frontoopercular clusters, we conducted seed-based functional connectivity analysis (Habas et al., 2009; Uddin et al., 2010) . First, time series across all the voxels within the thresholded cluster was extracted and averaged. The resulting averaged time series was then used as a covariate of interest in a linear regression of the whole-brain analysis. A global time series, computed across all brain voxels, along with six motion parameters were used as additional covariates to remove confounding effects of physiological noise and participant movement. Linear regression was conducted at the individual subject level. A group map was generated using one-sample t tests [p Ͻ 0.05, familywise error (FWE) corrected]. Last, a paired t test was applied at the group-level analysis to examine which brain region is more correlated with one cluster than the other, at an FDR-corrected threshold of p Ͻ 0.05.
Task-evoked functional connectivity of fronto-opercular clusters
Task-evoked functional connectivity of each fronto-opercular cluster obtained from the parcellation analysis was examined using a ␤-series correlation approach Rissman et al., 2004; Pa et al., 2014) . The same analyses were conducted for Successful and Unsuccessful Stop trials in both the SST1 and SST2 datasets. The ␤-series correlation method examines functional correlation between two brain regions in terms of their trial-by-trial activation variability. In contrast to the conventional GLM that models the averaged task-evoked hemodynamic response across all trials of interest, in ␤-series correlation analysis, we included a unique canonical HRF regressor for each trial of interest in the GLM. As a result, we obtained a series of ␤ estimates for each voxel in the brain corresponding to all trials under each task (i.e., Successful and Unsuccessful Stop). The whole-brain correlation map for each subject was then obtained by calculating the correlation between the averaged ␤-series in each cluster and the ␤-series in all voxels in the brain, followed by a Fisher's r-to-z transformation. Last, a paired t test was applied to examine differences of the functional connectivity patterns of the two clusters on both Successful and Unsuccessful, using an FDR-corrected threshold of p Ͻ 0.05.
Comparison of intrinsic and task-evoked functional connectivity
To examine whether functional connectivity pattern differences between the rAI and rIFC are similar between resting and task states, we computed a Pearson correlation between intrinsic functional connectivity differences of the two clusters and task-evoked functional connectivity differences of the two clusters.
Task-evoked response profiles of fronto-opercular clusters
To further investigate the functional characteristics of each cluster, we computed the task-evoked hemodynamic responses on Go and Successful and Unsuccessful Stop trials and examined the change of ␤1 (corresponding to the amplitude of canonical HRF profiles) on Successful and Unsuccessful Stop relative to Go trials. A 2 (rAI vs. rIFC) ϫ 2 (Successful vs. Unsuccessful Stop) ANOVA and t tests were conducted to examine distinct task-evoked response profiles in the rAI and rIFC.
Classification and cross-validation of rAI and rIFC response profiles
We examined whether response profiles in each cluster could differentiate between Successful and Unsuccessful Stop trials. To do so, we applied multivariate classification using the linear support vector machine algorithm (C ϭ 1) from an open-source library, LIBSVM (for Library for Support Vector Machines; http://www.csie.ntu.edu.tw/ϳcjlin/libsvm/) as the classification tool. The contrast images of Successful and Unsuccessful Stop in SST1 and SST2 were used as features in the classification analysis. The performance of classification was evaluated using leaveone-subject-out cross-validation procedure. In this procedure, a pair of Successful and Unsuccessful Stop images from one subject was selected as a test set. The rest of the data was used to train a classifier, which was then applied to the test set to predict whether the images are Successful or Unsuccessful Stop. This procedure was repeated N times (N is the number of subjects in each dataset), with each subject's data used exactly once as a test set. The average prediction accuracy across all test sets is termed as the cross-validation accuracy. A permutation procedure was used to infer statistical significance of the cross-validation accuracy for each cluster and the accuracy difference between clusters in each dataset. Specifically, in each permutation, data labels (Successful vs. Unsuccessful Stop) were randomly switched. Cross-validation accuracies for each cluster and accuracy differences between clusters from 1000 permutations were used to construct the empirical null distribution in each dataset from which p values for each cluster's crossvalidation accuracy and accuracy difference between clusters were obtained.
Relating task-evoked response profiles to individual abilities in inhibitory control
To investigate brain-behavior relationships, we applied multivariate regression analysis with robust machine learning-based crossvalidation techniques to predict individual inhibitory control ability (Uddin et al., 2013) . Activation level on Stop trials in voxels in each cluster was used as the predictor variable. Inhibitory control ability was measured with the stop-signal reaction time (SSRT), which was estimated based on the race model (Logan et al., 1984; Verbruggen and Logan, 2008) . We used Lasso and elastic-net regularized GLMs (Glmnet), a state-of-the-art sparse regression algorithm (http://web.stanford.edu/~hastie/ glmnet_matlab). We used Glmnet approach because features in the input matrix (number of voxels in each cluster) outnumber the observation in the response vector (number of subjects) and conventional methods for regression would result in overfitting. The Glmnet algorithm used here overcomes this problem by using regularization (Hastie et al., 2009 ). The performance of multivariate regression analysis was evaluated using a leave-one-out crossvalidation procedure. Data were divided into N folds (e.g., N ϭ 18 for SST1 and N ϭ 52 for SST2). One fold was selected as a test set. The rest of the folds were used to train a classifier, which was then applied to the test set to predict SSRTs. This procedure was repeated N times, with each subject's data used exactly once as a test set. R 2 was calculated based on predicted and observed SSRTs. A permutation procedure was used for statistical inference. In each permutation, the observations were randomly shuffled, and predictions were made based on shuffled observations and selected regression models. R 2 from 1000 permutations were used to construct the empirical null distributions from which p values for the R 2 of each cluster and R 2 difference between clusters were obtained.
Results
Meta-analysis of 70 published inhibitory control tasks
We used meta-analysis to identify the right fronto-opercular regions that are consistently activated in inhibitory control. To do so, we first identified 70 published fMRI studies of the GNGT and SST. Meta-analyses of these studies using ALE (Eickhoff et al., 2009 (Eickhoff et al., , 2012 revealed significant clusters in the anterior insula (AI), inferior frontal cortex (IFC), dorsal lateral prefrontal cortex (PFC), dorsomedial PFC, anterior cingulate cortex (ACC), posterior parietal cortex (PPC), and basal ganglia during inhibitory control (p Ͻ 0.05, FDR corrected; Fig. 4a ). The most significant activation peak was found in the rAI (Table 2) . ALE clusters in the IFC was right hemisphere dominant, consistent with its highlighted role in inhibitory control (Garavan et al., 1999 ; Levy and Wagner, 2011; Aron et al., 2014) . A VOI encompassing the right frontoopercular cortex was created by applying a logical "AND" operation between an anatomical mask encompassing the right insula cortex, right fronto-operculum cortex, right IFG, pars opercularis, and pars triangularis (Fig. 4b) and the thresholded ALE map. The final VOI consisted of 1648 voxels (the VOI is shown in cyan in Fig. 4c) .
Note that the rAI cluster encompasses the anterior-dorsal cognitive subdivision of the insula as opposed to its anteriorventral and posterior subdivisions, which have been implicated in arousal, affective, and interoceptive processes (Critchley et al., 2005; Craig, 2009; Menon and Uddin, 2010; Cocchi et al., 2012; Chang et al., 2013) .
Functional parcellation of right fronto-opercular cortex using resting-state fMRI
To examine whether the VOI in the right fronto-opercular cortex contains multiple functionally heterogeneous subdivisions, we conducted parcellation analyses using the novel consensus clustering technique. The parcellation was first conducted on resting-state fMRI data from the Stanford cohort. In this case, resting-state time series was extracted from the VOI identified above. Clustering was performed using voxelwise time series profiles, and the optimal number of clusters was determined using PRI and modified silhouette measures (Fred and Jain, 2005; Bellec et al., 2010) . (S. Ryali, T. Chen, A. Padmanabhan, W. Cai, and V. Menon, unpublished observations under the title "Development and validation of consensus clustering-based framework for brain segmentation using regional resting fMRI"). We also conducted parcellation using intrinsic connectivity as features. We found that the optimal number of clusters is two for both parcellations based on VOI time series and intrinsic functional connectivity (Fig. 5a,b) .
We also examined the effects of additional preprocessing steps on this parcellation. Time series at each voxel were regressed against white matter signals and six head-movement alignment parameters and their first derivatives. We found highly similar parcellation results, with a consistency of 94% and above.
Functional parcellation of right fronto-opercular cortex using task-evoked fMRI response profiles
To examine whether task-evoked hemodynamic responses can be used for functional parcellation, we used the same consensus clustering method to demarcate the functional subdivisions of the right fronto-opercular cortex on two task fMRI datasets (SST1 and SST2) from two independent cohorts of participants. In this case, task-evoked, stimulus-specific, response profiles obtained from the SST1 and SST2 cohorts were analyzed independently using the VOI identified above. Clustering was performed using voxelwise profiles of stimulus-evoked hemodynamic responses on Successful Stop trial, and the optimal number of clusters was determined using PRI and modified silhouette measures. These measures consistently identified the optimal number of clusters to be two in both the SST1 and SST2 datasets (Fig. 5c,d) .
Comparison of functional clusters identified using taskevoked and resting-state fMRI
The left panels of Figure 6 show the two clusters obtained by our consensus clustering analysis (k ϭ 2) on the resting-state fMRI dataset using VOI time series (Figs. 6a) and intrinsic connectivity (Fig. 6b ) as features and the task fMRI dataset SST1 (Fig. 6c) and SST2 (Fig. 6d ) using task-evoked hemodynamic response as features. The middle panel shows the histograms of stability values across voxels. The right panels of Figure 4 show the stabilitythresholded clusters (see Materials and Methods and below). Parcellation based on different features and datasets identified two clusters with a similar spatial layout (Fig. 6) . One cluster is mainly composed of voxels in the rAI (color coded with green), whereas the other is composed predominantly of voxels in the rIFC (color coded with red).
To evaluate whether different feature-based parcellations converge, we examined the similarity of the functional subdivisions through visual inspection and quantitative analysis. Two parcellated clusters obtained using different features from independent datasets were similar, but some differences existed (Fig. 6 , left panels). For example, the anterior part of rIFC-pars triangularis was parcellated into the rIFC cluster on the basis of task-evoked hemodynamic response on Successful Stop trials in SST2 and VOI time series and intrinsic connectivity in resting-state fMRI but not in the parcellation obtained using task-evoked hemodynamic response on Successful Stop trials in SST1. This could be attributable to the small sample size in SST1 relative to SST2. We also observed similar stabilitythresholded clusters from parcellation obtained using different features from independent datasets (Fig. 6 , two right panels).
We quantified the similarity of clusters obtained using different features and datasets. First, parcellation based on different features and datasets produced clusters with similar sizes. The rAI clusters parcellated from task-evoked hemodynamic response on Successful Stop trials in SST1 and SST2, as well as VOI time series and intrinsic connectivity in restingstate fMRI, each comprising 48, 48, 46, and 46% of total voxels in the VOI. Second, we defined the similarity as the proportion of overlapping voxels in the rAI or rIFC clusters produced from parcellations using different features from different datasets. We examined the similarity between parcellations obtained using the same type of feature from different datasets (i.e., taskevoked hemodynamic response on Successful Stop trials in SST1 and SST2), between parcellations obtained using different features from the same dataset (i.e., VOI time series and intrinsic connectivity from resting-state fMRI), and among all the four parcellations. We found that the similarity is ϳ76% between clusters obtained using task-evoked hemodynamic response on Successful Stop trials from SST1 and SST2, Ͼ96% between the clusters obtained using VOI time series and intrinsic connectivity in resting-state fMRI, and Ͼ70% among all the four parcellations for both the rAI and rIFC (Fig.  7a) . Third, we further examined similarity between the stability-thresholded clusters. We observed an increase in similarity between different parcellations as the thresholds for stability were decreased. At the threshold of top 40% stability, the similarities between parcellations obtained using VOI time series and intrinsic connectivity from resting-state fMRI were 89% for the rAI and 98% for the rIFC, the similarity between the func- Figure 5 . Similarity of clusters as a function of number of clusters across four different features. Two stable clusters were identified in each case. The four features used in the clustering procedure were as follows: a, VOI time series; b, intrinsic connectivity; and c, task-evoked hemodynamic response on Successful Stop (SuccStop) trials in SST1; and d, task-evoked hemodynamic response on SuccStop trials in SST2. Similarity of clusters was determined using PRI and modified silhouette for k ϭ 2-10 clusters. tional subdivisions obtained using task-evoked hemodynamic response on Successful Stop trials in SST1 and SST2 were 83% for the rAI and 77% for the rIFC, and the similarities across all parcellations were 68% for the rAI and 70% for the rIFC (Fig.  7b) .
Intrinsic functional connectivity of the rAI and rIFC
Intrinsic connectivity analysis revealed that the rAI cluster had significant positive correlation with bilateral insulae, ACC extending to the supplementary motor area, frontal pole, supramarginal gyrus (SMG), caudate, putamen, and thalamus, whereas the rIFC cluster had significantly positive correlation with bilateral IFG, middle frontal gyrus (MFG), frontal pole, pre-SMA (preSMA), SMG, superior parietal lobule (SPL), caudate, putamen, and thalamus (all p values Ͻ0.05, FWE corrected; Fig. 8a) . Importantly, the rAI cluster had significantly greater correlation with the bilateral insulae, ACC, caudate, and putamen than the rIFC cluster, whereas the rIFC cluster had significantly greater correlation with the IFG, MFG, preSMA, SMG, angular gyrus (AG), and SPL than the rAI cluster (all p values Ͻ0.05, FDR corrected). The patterns of intrinsic connectivity were similar regardless of features or datasets used for parcellation and stability thresholds used for generating clusters.
Task-evoked functional connectivity of the rAI and rIFC
To examine whether the rAI and rIFC clusters interact with different brain networks during inhibitory control, we conducted ␤-series correlation analysis to examine task-evoked functional connectivity. Figure 8b shows task-evoked functional connectivity on Successful and Unsuccessful Stop trials in SST1 and SST2. On Successful Stop trials, the rAI had significantly greater connectivity with insular cortex and ACC than the rIFC, whereas the rIFC had significantly greater functional connectivity with IFG, MFG, preSMA, SMG, and AG than the rAI in both the SST1 and SST2 ( p Ͻ 0.05, FDR corrected). A similar pattern was observed on Unsuccessful Stop trials.
Interestingly, the intrinsic connectivity pattern of restingstate fMRI and the task-evoked functional connectivity pattern from SST1 and SST2 were similar. Figure 8c displays the relation Figure 6 . Functional parcellation of fronto-opercular cortex VOI into rAI and rIFC clusters using four different features. The four features used in the clustering procedure were as follows: a, VOI time series; b, intrinsic connectivity; c, task-evoked hemodynamic response on Successful Stop (SuccStop) trials in SST1; and d, task-evoked hemodynamic response on SuccStop trials in SST2. The two leftmost columns display volume and surface rendering of the two clusters encompassing the rAI and rIFC. The middle column shows histograms demonstrating the stability of voxel assignment to each cluster within the VOI. The two rightmost columns display two thresholded clusters obtained by including voxels in the VOI that have the top 10, 20, 30, or 40% stability for assignment into each cluster. between intrinsic connectivity difference between two clusters and task-evoked functional connectivity difference between two clusters. Intrinsic connectivity difference between two clusters was correlated with task-evoked functional connectivity difference between two clusters in SST1 [Successful (r ϭ 0.61, p Ͻ 0.001) and Unsuccessful (r ϭ 0.52, p Ͻ 0.001) Stop trials] and SST2 [Successful (r ϭ 0.59, p Ͻ 0.001) and Unsuccessful (r ϭ 0.39, p Ͻ 0.001) Stop trials]. Additionally, task-evoked functional connectivity difference between two clusters in SST1 was correlated with that in SST2 on Successful (r ϭ 0.82, p Ͻ 0.001) and Unsuccessful (r ϭ 0.45, p Ͻ 0.001) Stop trials. These results suggest a highly similar intrinsic and task-related functional connectivity.
Finally, we examined the similarity between intrinsic connectivity and task-evoked functional connectivity for each cluster separately. Intrinsic connectivity was correlated with task-evoked functional connectivity of the rAI in SST1 [Successful (r ϭ 0. 
Distinct task-evoked fMRI response profiles in rAI and rIFC
We used the functional subdivisions identified in the rAI and rIFC to investigate response profiles associated with Go and Successful and Unsuccessful Stop trials in SST1 and SST2 datasets. Figure 9 illustrates the fitted task-evoked response profiles of each cluster for Go and Successful and Unsuccessful Stop trials in SST1 and SST2. The rIFC clusters showed equivalent amplitude on Successful and Unsuccessful Stop trials in SST1 and SST2, whereas the rAI clusters showed higher amplitude elicited by Unsuccessful compared with Successful Stop in SST1 and SST2. This indicates that the rAI and rIFC clusters have dissociable task-evoked, stimulus-specific responses across different types of trials.
To quantify differences in task-evoked response between the rAI and rIFC, we compared ␤1 weights, corresponding to the canonical HRF basis, and contrasted Successful Stop versus Go trials, as well as Unsuccessful Stop versus Go trials in the two clusters in SST1 and SST2 (Fig. 10a ). There were marginally significant interaction between clusters and trial type in SST1 (F (1, 17) ϭ 4.00, p ϭ 0.06) and significant interaction in SST2 (F (1,51) ϭ 33.38, p Ͻ 0.001). Post hoc paired t tests confirmed that the rAI cluster had significantly greater activation for Unsuccessful Stop versus Go trials than Successful Stop versus Go trials (SST1, t (17) ϭ 2.40, p ϭ 0.028; SST2, t (51) ϭ 4.40, p Ͻ 0.001). No such differences were detected in the rIFC cluster (SST1, p Ͼ 0.3; SST2, p Ͼ 0.6). The activation in the contrast of Successful Stop versus Go was not different between two clusters (SST1, p Ͼ 0.3; SST2, p Ͼ 0.25), and the activation in the contrast of Unsuccessful Stop versus Go was significantly different between two clusters (SST1, t (17) ϭ 2.78, p ϭ 0.013; SST2, t (51) ϭ 4.28, p Ͻ 0.001). This indicates that the rAI had greater elevated activation, relative to Go trials, on Unsuccessful than Successful Stop trials compared with the rIFC, but the extent of elevated activation on Successful Stop trials relative to Go trials was non-differentiable between two clusters.
Machine learning-based multivariate classification of stoptrial outcome distinguishes rAI and rIFC
To further dissociate the functional roles of the rAI and rIFC, we used a multivariate classification approach to distinguish between response patterns associated with Successful and Unsuccessful Stop trials. Figure 10b summarizes the performance of the classification procedures in differentiating Successful versus Unsuccessful Stop trials. In the SST1, the crossvalidation accuracies for the rAI and rIFC were 66.7% ( p ϭ 0.031) and 50% ( p ϭ 0.29), respectively. The cross-validation accuracy for the rAI was significantly greater than that for the rIFC ( p ϭ 0.029). In the SST2, the cross-validation accuracies for the rAI and rIFC were 67.3% ( p ϭ 0.001) and 50% ( p ϭ 0.27), respectively. Cross-validation accuracy in the rAI, compared with the rIFC, was significantly higher ( p Ͻ 0.001). These results suggest that the rAI responses distinguish Successful and Unsuccessful Stop trials and that the rAI is more sensitive to Stop trial outcome than the rIFC.
Distinct brain-behavior relations with inhibitory control ability in the rAI and rIFC
We then examined whether activation in the rAI and rIFC can predict individual differences in inhibitory control. Sparse mul- tivariate regression analysis with cross-validation revealed that activation in the rIFC but not the rAI could significantly predict individual inhibitory control ability (SST1: rAI, p ϭ 0.11 and rIFC, p ϭ 0.005; SST2: rAI, p ϭ 0.11 and rIFC, p Ͻ 0.001). Additional analyses revealed that a prediction model based on the rIFC cluster was significantly better than that based on the rAI cluster in both the SST1 and SST2 datasets (SST1, p ϭ 0.005; SST2, p ϭ 0.007). These results indicate that the rIFC is more closely associated with the inhibitory control process.
Discussion
We used several novel quantitative analyses to identify and differentiate functional subdivisions within the frontoopercular cortex and clarify their functional roles in inhibitory control. Using consensus clustering, we demonstrate that right fronto-opercular regions involved in inhibitory control can be reliably parcellated into two highly stable and distinct clusters encompassing the rAI and rIFC. Importantly, parcellations obtained using the SST-evoked profile of hemody- and Unsuccessful Stop (UnsuccStop) trials in the SST1 and SST2 datasets ( p Ͻ 0.05, FDR corrected). Clusters were obtained using Successful Stop trials and thresholded using the top 40% stability values, separately in each dataset (see Fig. 7 ). c, Similarity of intrinsic and task-evoked functional connectivity, quantified by the correlation between whole-brain connectivity differences between the rAI and rIFC clusters.
namic responses from the two independent inhibitory control fMRI datasets were not only highly consistent with each other but also convergent with parcellations obtained using intrinsic connectivity analysis of resting-state fMRI data. Furthermore, as discussed below, multivoxel analysis of task-evoked responses revealed several distinct functional characteristics associated with Successful and Unsuccessful Stop and Go events in the rAI and rIFC.
Meta-analysis and identification of right fronto-opercular cortex
The engagement of the right fronto-opercular cortex during inhibitory control has been reported consistently in a large body of lesion, transcranial magnetic stimulation, electrocorticography, and neuroimaging studies ( . Task-evoked activation and classification in rAI and rIFC clusters. a, Activation-level measures using ␤1 weights for Successful Stop (SuccStop) versus Go and Unsuccessful Stop (UnsuccStop) versus Go in the SST1 and SST2 datasets. b, Cross-validation accuracies of classifiers trained using ␤1 weights of the rAI or rIFC clusters in SuccStop and UnsuccStop trials in SST1 and SST2 datasets. Clusters were obtained using Successful Stop trials and thresholded using the top 40% stability values, separately in each dataset. *p Ͻ 0.05; ***p Ͻ 0.001. coactivation of the rAI and rIFC during inhibitory control across a wide range of studies, few have attempted to differentiate their functional organization. To address this, we first conducted a meta-analysis of 70 published GNGT and SST studies. This analysis revealed a large right fronto-opercular cortex encompassing the rIFC and rAI that was consistently activated during inhibitory control. Notably, the most significant activation peak was found in the rAI and not the rIFC (Table 2) , which replicates findings from a previous meta-analysis of SST and GNGT studies (Swick et al., 2011) and further highlights the involvement of the rAI in tasks involving inhibitory control.
Intrinsic and task-evoked responses reveal two distinct fronto-opercular cortex subdivisions encompassing the rAI and rIFC Building on these convergent findings, we conducted a novel clustering analysis to demarcate the functional boundaries of the rAI and rIFC. Using features of intrinsic brain activity from resting-state fMRI data, we found that the right fronto-opercular cortex could be reliably segmented into two dissociable clusters encompassing the rAI and rIFC. Importantly, clusters obtained from the resting-state and two independent task fMRI datasets shared several common features. Both produced two stable clusters that showed high similarity in size and a high proportion of overlapping voxels. These results point to a novel and distinct pattern of organization in the fronto-opercular cortex and demonstrate for the first time that the functional demarcation of this region into two stable clusters is preserved in both the intrinsic and task-evoked states. rAI and rIFC have dissociable intrinsic and task-evoked functional connectivity Next, analysis of temporal correlations in fMRI time series revealed that the rAI and rIFC have distinct patterns of intrinsic functional connectivity. Consistent with previous resting-state fMRI (Seeley et al., 2007; Sridharan et al., 2008; Smith et al., 2009) and structural connectivity (van den Heuvel et al., 2009; Allman et al., 2010 ) studies, we found that the rAI has stronger intrinsic functional connectivity with the ACC. Compared with the rAI, the rIFC showed stronger connectivity with key nodes of the dorsolateral frontoparietal network, including the MFG and SMG (Greicius et al., 2004; Seeley et al., 2007; Sridharan et al., 2008) . This pattern of differential connectivity is in agreement with anatomical tracer analyses of corticocortical connections in nonhuman primates (Petrides and Pandya, 2002 ) and diffusionweighted imaging studies in humans (Aron et al., 2007; Neubert et al., 2010) . The dorsolateral frontoparietal network is part of a "central executive" network (Dosenbach et al., 2007; Menon and Uddin, 2010) implicated in allocating attentional resources for selectively enhancing task-relevant information, maintaining information online, and facilitating appropriate behavioral responses (Goldman-Rakic, 1995; Smith and Jonides, 1998; Fuster, 2000; Miller and Cohen, 2001; D'Esposito, 2007) . In contrast, the AI and ACC constitute key nodes of the salience network, a system that facilitates detection of, and attention to, salient events, such as stop signals and errors (Seeley et al., 2007; Menon and Uddin, 2010) .
Crucially, this differential pattern of connectivity was also observed in the task-evoked state. In both the SST1 and SST2 datasets, the rAI showed stronger connectivity with the ACC than the rIFC and the rIFC showed stronger connectivity with the lateral PFC and PPC than the rAI during Stop trials. This finding of similar intrinsic and task-evoked functional connectivity is consistent with, and extends, previous analyses of other brain systems (Smith et al., 2009; Cole et al., 2014) to the rAI and rIFC.
Together, these results demonstrate that the rAI and rIFC interact with distinct intrinsically connected brain systems during inhibitory control and, furthermore, suggests that these two regions play different roles in implementing this process.
Distinct functional response profiles of the rAI and IFC in inhibitory control
Our analysis further revealed that the rAI and rIFC clusters have different task-evoked response profiles across the three experimental conditions in the SST. Although the rAI and rIFC showed similar levels of elevated activation during Successful Stop versus Go trials, they differed in response to Unsuccessful Stop trials. The rAI showed greater activation than the rIFC during Unsuccessful Stop versus Go trials; furthermore, multivoxel response profiles in the rAI distinguished between Successful and Unsuccessful Stop trials with high cross-validation accuracy. Because stop signals occur late and unexpectedly during Unsuccessful Stop trials (Logan et al., 1984) , greater activation of the rAI during Unsuccessful Stop trials is likely related to detection of these highly unexpected and salient stop signals (Ide et al., 2013) . rAI responses are known to increase with stimulus saliency (Menon and Uddin, 2010) , and this region has been shown to be causally involved in the detection of infrequent, unexpected, events embedded in a stream of frequent events (Sridharan et al., 2008 ). An alternative explanation is that rAI responses during Unsuccessful Stop trials are related to error processing. However, this account cannot explain the high levels of rAI activation to Successful Stop trials. Together, these results suggest that the rAI cluster plays an important and dissociable role in detection and processing of behaviorally relevant salient stop signals, an essential process in inhibitory control.
In contrast, SSRT, a measure of how fast one can stop, was associated with activation in the rIFC but not in the rAI. However, it is noteworthy that rIFC responses did not distinguish between Successful and Unsuccessful Stop trials, suggesting that this region does not determine stopping outcome per se. Rather, our results suggest that the rIFC is more involved in the early, initiation stages of implementing the stop process (Chao et al., 2009; Duann et al., 2009; Cai and Leung, 2011) . Crucially, we replicated this pattern of double dissociation in two independent datasets, further highlighting the significant and differential roles of the rAI and rIFC in inhibitory control.
Dissociating the functional roles of the rAI and rIFC in inhibitory control: synthesis and conclusions Our study provides convergent and replicable evidence for functional dissociation of the role of the rAI and rIFC in inhibitory control. Multiple quantitative analyses revealed, for the first time, that the rAI and rIFC exhibit distinct context-dependent taskevoked responses, heterogeneous patterns of intrinsic and taskevoked functional connectivity, and different brain-behavior relations to inhibitory control ability. Our results demonstrate that right fronto-opercular subregions play different roles in implementing inhibitory control and inform the ongoing debate about the mechanistic nature of the rIFC in inhibition versus attentional control (Hampshire et al., 2010; Sharp et al., 2010; Aron et al., 2014) . Previous studies have reported that the frontoopercular cortex responds to infrequent stimuli even when inhibition is not required and argued for its involvement in attentional rather than inhibitory control (Hampshire et al., 2010; Sharp et al., 2010; Erika-Florence et al., 2014) . Our findings suggest that right fronto-opercular cortex responses can be dissociated into two key functional subdivisions implementing different aspects of control processes. Crucially, we show that the rIFC is more tightly linked to the SSRT but not accuracy per se, suggesting its involvement in the early stages of inhibitory control processes. In this view, the rIFC helps initiate a stop process in both Successful and Unsuccessful Stop trials but does not determine the outcome. In contrast, the rAI is sensitive to stimulusrelated saliency. Together, these findings provide robust evidence for distinct functional organization, circuits, and brain-behavior relations associated with the rAI and rIFC, two brain regions that are coactivated across a broad range of inhibitory control tasks.
In conclusion, our study overcomes the problematic, vague, and often inaccurate characterization of individual functional subdivisions of the fronto-opercular cortex and their involvement in inhibitory control. The quantitative analyses presented here highlight the significant amount of useful information associated with the temporal profile of task-evoked responses, which reveals features of functional brain organization that are difficult to disentangle using conventional analyses (Gonzalez-Castillo et al., 2012; Orban et al., 2014) . More broadly, our findings provide critical new information for enhancing our understanding of the functional architecture of neurocognitive systems involved in adaptive control. Our multipronged quantitative approach and methods are likely to be useful for other related studies that require careful disentangling of brain organization, circuits, and function.
